ABSTRACT To date, many digital atlases of the human head have been developed, but few incorporate the anatomical variations of the population. In this paper, for the first time, we constructed two digital head atlases (DHAs) of Chinese male and female adults, which can be deformed to simulate the inter-subject anatomical variations. The atlases were developed to assist with personalized medical treatment, populationbased radio magnetic simulation, and medical imaging device design. The statistical shape model approach was used to construct the atlases based on a training set of 65 computed tomography (CT) images (including those of 46 males and 19 females). To evaluate the accuracy of anatomy modeling, we compared the atlas morphometry parameters with the reference values of the Chinese population and observed the reasonable agreement between them. Compared with the existing digital human head atlases, a unique feature of the DHA is the capability of emulating individual head anatomy via model deformation. This feature is validated by registering the DHAs to patient CT images. The registered atlases provide complete anatomy of the target subjects, including the structures that are not clearly visible in the CT images.
I. INTRODUCTION
The human head is a complex and multifunctional structure system. Digital atlases of the human head are widely used in clinical practice and medical research, such as medical image analysis [1] - [3] , surgery planning [4] - [7] , anatomybased simulation [8] - [10] , radiotherapy planning [11] - [13] , organ dosimetry calculation [14] - [16] , and anatomy education [17] - [22] . To provide reference anatomy of the human head, many existing head atlases incorporate very fine details of the head structures. The current head atlases mostly represent anatomical shapes via polygonal meshes and, thus, are convenient for rendering and accurate for anatomical modeling. Nowinski [23] , [25] and Nowinski et al. [24] constructed human head atlases containing intracranial vasculature, white matter tracts, cranial nerves, head muscles and glands, skull and extracranial vasculature. Mitsuhashi et al. [26] created human body polygon data called ''BodyParts3D'' including the comprehensive head anatomy, following the anatomical ontology wherein the anatomical concepts were represented by threedimensional (3D) structure segments of an adult human male.
To the best of our knowledge, most available head atlases were developed based on only one reference subject. However, the recent development of personalized medicine has created a demand for statistical modeling of the population. To meet this requirement, Lee et al. [27] constructed the population head model (PHM) repository of 50 different head models from magnetic resonance (MR) images, but they did not perform statistical modeling of inter-subject anatomical variations. There are also many population-based human brain atlases, such as the Brain Research Through Advancing Innovative Neurotechnologies (BRAIN) Initiative [28] , [29] , the Human Brain Project [30] , the Human Connectome Project (HCP) [31] , the Allen Brain Atlas [32] , and the brain atlas of anatomical and functional connections [33] . These atlases are instrumental in promoting neural science studies, but they are not for the entire human head.
To meet the requirement of whole-head personalized modeling, it is desirable to develop a deformable atlas, which incorporates realistic anatomical variations learned from medical images of real subjects. Therefore, this study develops deformable head atlases (DHAs) based on a training set of computed tomography (CT) images of healthy Chinese adults. The statistical shape model (SSM) method [34] - [37] is used to learn realistic anatomical variations from the training samples. The DHAs can be deformed to match individual head anatomies for personalized simulation and individualized medical treatment such as electromagnetic exposure simulation, plastic and aesthetic surgery, radiation therapy planning, etc. Fig. 1 illustrates the workflow of atlas construction. Head CT images of different normal subjects are segmented into anatomical regions. A template mesh model of the reference human head anatomy is registered to each segmented image, obtaining individualized anatomical representation of each subject. The statistical shape model of the head anatomy is constructed based on the registered templates of the training subjects. This workflow is used to construct a male atlas and a female atlas. The details of the workflow are explained in the following subsections.
II. METHODS

A. TRAINING DATA COLLECTION
This study collects retrospective data of head CT images stored in the database of Chinese hospitals. The critical requirement of the training images is to present the normal anatomy of the entire head. However, clinical diagnostic CT or MR images do not meet this requirement because they mostly cover the pathological parts of patient heads. Therefore, we collect the health screening PET/CT images accumulated during the past 20 years. These images were acquired for the torso and head region, but we used only the CT images of the head and saved the PET images for future functional modeling. To ensure proper coverage of the Chinese population, the images were collected from four central hospitals in the northeast, southeast, and central areas of China. After data selection, the data of 65 asymptomatic subjects were used as training data. Table 1 shows the gender and age distributions of the selected training subjects. The acquisition parameters of the CT images were 100-140 kV of the tube voltage and 28-298 mA of current, with pixel sizes ranging from 0.59 to 1.37 mm and the inter-slice spacing ranging between 1.25 and 3.00 mm. 
B. TRAINING IMAGE SEGMENTATION
Due to the imperfect soft tissue contrast of CT imaging, only a limited number of head structures (i.e., the skin, skull, facial muscles and subcutaneous fat) could be segmented from the training images. The skin and skull were segmented via intensity thresholding, and the threshold for each image was manually adjusted to ensure accurate segmentation. The facial muscles and subcutaneous fat were separated by thresholding the region between the skin and the skull surface. A radiologist with over ten years of experience proofread and corrected the segmentation results using the MITK software [38] . Eventually, the Marching Cubes algorithm [39] was used to convert the segmented structures into triangular surface meshes, which would be used as the target meshes for the next step of template mesh registration.
C. TEMPLATE MESH REGISTRATION
To compensate for the structures that are not clearly visible in the CT images, a reference template model of the full head anatomy [40] was created for each segmented CT image. Table 2 shows the anatomical structures contained in the template model.
The registration of the template model is achieved using the landmark-based robust point-matching (RPM) method [41] . The surface points of skin, skull, facial muscles are extracted from the template model and registered to same structures segmented from the individual CT images. To ensure accurate registration, anatomical landmarks are manually specified on the surface meshes by human experts. The registration procedure produces a nonlinear thin plate spline (TPS) transform, which is used to map the complete template model to the individual image space, obtaining the mapped regions of all head structures. After template registration, each vertex of the template model is mapped to similar anatomical locations of different training subjects, and the anatomy of different training subjects is represented by the same mesh topology. It is worth noting that although the thresholding of the previous organ segmentation step does not always yield smooth edges, the registered organ template meshes has smooth surfaces and remedies the unsmooth segmentation.
D. STATISTICAL SHAPE MODEL CONSTRUCTION
The inter-subject anatomical variations are modeled using the statistical shape model (SSM) approach based on the registered templated meshes of the training subjects. First, generalized procrustes analysis (GPA) [42] was applied to normalize the training shapes, and then, the deformable atlas was constructed as a point distribution model using principal component analysis (PCA) [34] . PCA was used to first calculate the covariance matrix for the shape vectors of all training subjects and then to perform eigen decomposition of the covariance matrix. The resultant eigenvectors {φ i }, i = 1, · · · , n, were the modes of shape variations, and the eigenvalues {λ i }, i = 1, · · · , n were the corresponding variances of each mode. The shape variation modes were in order of their variance values (i.e.λ 1 ≥ λ 2 ≥ · · · ≥ λ n ); thus, mode 1 corresponds to the largest variance, mode 2 corresponds to the second largest variance, and so on. The variance percentage ratio of the mode i is obtained by λ i n j=1 λ j . The SSM is expressed as an average shape plus a linear combination of the different shape variation patterns:
where X is an instance of the shape generated by the model. X is represented as a shape vector (
T containing the 3D coordinates of k mesh vertices. X is the mean shape vector of all the training subjects. 
III. RESULTS
A. OBSERVATION OF THE ANATOMICAL VARIATION MODES
To observe the anatomical meaning of each variation mode, we separately adjusted the shape parameter a i of each mode to see the corresponding deformation pattern. During the adjustment for each mode, the shape parameters of other modes are set to zero. The value of each a i was adjusted within the range [−2
, where λ i is the eigenvalue of the i th mode, and [−2
is the plausible range of the anatomical deformation commonly used in previous studies. Fig. 2 shows the mean shapes of the male and female SSMs. The anatomical structures in correspondence to Table 2 are rendered with different colors. The DHAs include 218 sub-structures of the facial muscles, skull bones and brain, offering good anatomical details for potential simulation and image analysis applications. Fig. 4 illustrate the exemplary anatomical deformation patterns of the first three principal components. Interestingly, both the male and female atlases exhibit similar deformation patterns. As shown in Fig. 3 , the principal component (PC1) of the female atlas and the PC3 of the male atlas correspond to the variation in fat quantity. When a 1 of the female atlas or a 3 of the male atlas increases, the faces of both atlases get fatter (as shown in the skin-opaque view), while the facial fat and posterior cervical fat become thicker (observed in the skin-transparent view). Fig. 4 displays the variations in head shape. As shown in Fig. 4(a) , mode 2 of both genders corresponds to the changes in head length and facial proportion. When a 2 gets larger, the overall face length increases, but the forehead height decreases, indicating that the increase in overall length is contributed by the lower face part. For the female atlas, VOLUME 6, 2018 mode 2 also corresponds to the degree of facial protrusion (as pointed by the arrow in lateral view of Fig.4(a) , although this variation is not obvious in the male atlas. Fig. 4(b) exhibits the shape variation of the neurocranium part. As a 3 of the female atlas or a 1 of the male atlas grows, the width of the neurocranium part decreases (as observed in the front view), while the lateral scale increases (seen from the lateral view).
B. COMPARISON WITH CHINESE POPULATION MORPHOMETRY STATISTICS
Since the DHAs are built to model the population variations, it is important to evaluate how well the atlases match with the morphometry parameters of large population statistics. We compare the somatometry and osteometry measurements of the atlases with the corresponding values of the Chinese population [43] - [45] based on over 3,500 Chinese autopsies (age>20) collected during 1950 and 2008. Somatometry and osteometry are anatomical morphometry metrics measuring the distances between the landmarks on the skin and skull, respectively. The collected somatometry data contain mean values and the standard deviations of the population, but the osteometry data contain only the mean values. Therefore, we used the z-score to measure the somatometry deviation of the atlas from the population.
and use the r-ratio to measure the osteometry deviation of the atlas from the population:
where x is the organ mass of the atlas, µ is the mean of the population and σ is the standard deviation of the population. We vary the shape parameter a i of each mode within the range [−2 , 2, 3) , and compute the corresponding r-ratio and z-score ranges. The results are plotted in Fig. 5 . For figure clarity, we only plot the first three PCs, which account for 43.60% and 49.98% of the total variations in males and females, respectively. The names of the somatometry and osteometry parameters are represented using the Martin coding as listed in Table 3 . We refer the readers to [43] for detailed definitions of these measurements. To measure the somatometry and osteometry parameters from the atlas, the skin and skull landmarks are manually specified on the atlas mesh, and then the distances between the landmarks are calculated as defined in [43] . Table 3 .
between the atlas and the population statistics data of Chinese adults.
C. ATLAS REGISTRATION WITH INDIVIDUAL SUBJECTS
To prove the ability of the atlas in personalized anatomy modeling, we registered the atlases to the CT images of two test subjects (including one male and one female) not in the training set. The acquisition protocol of the test CT images is the same as described in the method section. Previous to the registration, the skull, skin and facial muscles are segmented from the test CT images, using the same method described in the method section. The atlas is registered using the active shape model (ASM) approach [34] , which optimizes the translation, rotation, scaling and the shape parameters of the SSM to minimize the surface distances between the transformed atlas and the segmented structures of the target images. Fig. 6 demonstrates the registered atlases overlaid on the target image. The registration results provide a reasonable estimation of the anatomical structures, which are not clearly presented in the CT (for example, the detailed brain structures). This feature is beneficial for medical applications including radiotherapy planning.
IV. DISCUSSION
This study constructed deformable atlases of the entire head based on CT images of 65 Chinese adults. Realistic intersubject anatomical variations were determined from real human subjects, and the variation ranges of the head morphometry parameters concur with the statistical values from a large Chinese population. Contrary to the existing brain atlases, we focused on modeling the gross anatomical variations of the whole-head range. As shown by the experimental results, the atlases demonstrated anatomically meaningful deformation patterns, which have not been modeled in the existing head atlases. Moreover, most existing digital head atlases have been constructed based on Caucasian anatomy; our study models the head anatomical variations of the Chinese subjects. It is interesting to see that the atlases of both genders demonstrate similar deformation patterns, implying that the two genders share common anatomical variations. However, similar variation pattern may come from different principal modes of the two atlases. This is caused by the mathematical nature of PCA modeling. PCA orders the principal modes according to their variation percentages (as defined in subsection 2.4) rather than by their anatomical meaning.
The purpose of developing DHA atlases is to to provide computational tools for whole-head-level personalized simulation and medical treatment. By registering the atlases with individual CT images, the deformed atlases depict complete head anatomy, which cannot be segmented from the patient image. Due to the mesh-based atlas representation, the registration result can be easily adjusted by human experts using interactive software [46] , and such adjustments are more efficient and less subjective than pure manual segmentation [47] . Therefore, the atlas registration result can provide reasonable initialization for semiautomated delineation of an organ at risk (OAR) for electromagnetic planning. Moreover, the mesh-based atlas can be readily filled into volumetric images and further converted to tetrahedral meshes for radio magnetic and biomechanics simulation. Notably, the registered atlas may not align well with the target anatomy, which is severely altered by head pathologies, because the atlas only models normal head anatomy. For these cases, the registered atlas provides a reference for the normal anatomy in contrast to the diseased anatomy.
Due to the difficulty in collecting normal subject medical images, we used only 65 training images in this study. The limited sample set may introduce a potential bias of anatomy modeling, which might account for the minor discrepancies of some morphometry parameters between our atlases and the large population statistics. Despite the limited number of training samples, the SSM learned anatomically meaningful deformation patterns of gross head anatomy. It is interesting to see that both the male and female atlases demonstrate similar deformation patterns (Fig. 3 and Fig. 4) , implying that consistent anatomical variations in both genders can be learned from a relatively small sample set (46 males and 19 females). We are currently collecting more CT images, and less discrepancies between the atlas and the population statistics are expected in the near future. With enough training samples, we can even conduct comparison studies between different ages or different country regions to generate multiple deformable atlases of sub-population groups.
Another limitation regarding the training data is the use of low dose CT images. We collect health screening PET/CT images because diagnostic CT or MR images always include pathologies. However, due to the imperfect soft tissue contrast of the collected CT images, the accurate segmentation of the brain structures is not possible. To compensate for the missing anatomy in the training image, we map a reference template to each training subject as commonly performed in the image-based atlas construction studies [37] , [41] , [48] . However, such mapping is based on the alignment of skull, skin and facial muscles, as it does not produce faithful segmentation of the brain structures. This problem can be solved by collecting diagnostic CT or MR with minor pathological defects, which do not alter the gross head anatomy. Dualmodality CT and MR of the same patients are preferred, since they provide complementary anatomical information to each other. We are still accumulating such data to improve the accuracy of head anatomy modeling.
V. CONCLUSION
In the present study, two head deformable atlases of Chinese male and female adults were constructed based on 65 segmented CT images of healthy Chinese subjects. The statistical shape model approach was used to extract anatomically meaningful inter-subject variations. The atlases demonstrate good accuracy for anatomical morphometry modeling and personalized anatomy simulation. This study is a preliminary attempt to model inter-subject anatomical variations in the head anatomy in Chinese adults. Future improvements to the atlas can be achieved by using more training samples and more advanced shape modeling approaches. The deformable head models developed in this study will be opened to the research community in near future. 
